INTRODUCTION
Populations of many of the ocean's largest fish have decreased substantially (Myers & Worm 2003) , although the magnitudes of the declines are not as universal across regions and species as previously thought (Sibert et al. 2006) . Reducing fishing pressure is a necessary condition for recovery of fish stocks, although it may not be sufficient for all species especially when faced with large changes in nings et al. 2001 , Boyd et al. 2006 ), but there is growing concern regarding the exploitation of these species (Alder et al. 2008 , Tacon & Metian, 2009 ). In particular, management strategies have the potential to alter food web dynamics and energy flow through changes in the size structure and abundance of these species (Furness 2002 , Frederiksen et al. 2004 ). Conventional management practices may be inadequate to maintain sufficient biomass of small pelagic species for fisheries and the predators which depend on them (Pikitch et al. 2012) . The impact of changes in pelagic fish stocks may be particularly high for marine mammals (Spitz et al. 2012) or other large warmbodied fish such as tunas whose physiology is geared toward high energetic returns while foraging.
The Atlantic bluefin tuna Thunnus thynnus is a high ly migratory species with an Atlantic-wide distribution (Mather et al. 1995) , exploited by multiple coun tries across the Atlantic basin due to the high value of its flesh (Bestor 2004) . Maintaining metabolic costs for bluefin tuna, like other large marine predators requires high rates of energy intake (Spitz et al. 2012) and their migratory patterns and foraging behaviors are adapted to exploit dense aggregations of lipid rich prey (Chapman et al. 2011) .
In the western Atlantic, bluefin tuna are distributed across the Northwest Atlantic Shelf from June through to October (Wilson et al. 2005 , Galuardi et al. 2010 , and the Gulf of Maine is one of the most important foraging grounds (Mather et al. 1995 , Wilson et al. 2005 , Galuardi et al. 2010 . Mid-trophic levels in this region are dominated by small lipid-rich planktivorous fish (Lawson et al. 1998) , principally Atlantic herring Clupea harengus, the bluefin tuna's preferred prey (Chase 2002 , Estrada et al. 2005 , Pleizier et al. 2012 . During the summer foraging period, bluefin tuna build up large reserves of fat in their muscles and perigonadal mesenteric tissues. The quantity of fat determines migratory capacity (Chapman et al. 2011) and reproductive output (Medina et al. 2002 , Knapp et al. 2014 , and is a primary factor that determines the market price of an individual fish (Bestor 2004 ).
The population of herring, the primary forage species for bluefin tuna in the Gulf of Maine (Chase 2002) , experienced substantial fluctuations in abundance since the 1960s due to harvesting pressure and environmental variability (Overholtz & Friedland 2002) . Since rapid depletion during the 1970s, the herring stock has rebounded to historically high levels of abundance beginning ca. 1990 (Overholtz & Friedland 2002) . Given that herring is the primary forage for bluefin tuna and that herring abundance was high, foraging conditions in the Gulf of Maine should have been favorable for bluefin tuna thereby increasing their lipid accumulation, boosting reproductive output, and increasing their economic value. During this period of high herring abundance, however, body condition of bluefin tuna based on market grades declined in the Gulf of Maine (Golet et al. 2007 ).
Based on recent stock assessments by the International Commission for the Conservation of Atlantic Tunas (ICCAT), bluefin tuna spawning stock biomass (SSB) is down approx. 70% from levels observed in the early 1970s (ICCAT 2010) . Despite 30 yr of regulated catches in line with scientific advice, and a population rebuilding plan implemented in 1998, there have been minimal increases in SSB for the western stock and low levels of recruitment relative to observations in the early 1970s. Assuming these regulatory measures were correct, a lack of rebuilding could suggest that variables unaccounted for in assessments (e.g. changes in ecosystem conditions) may be inhibiting population rebuilding. In fact, the stock assessment for bluefin tuna is run based on 2 different scenarios; a high and low recruitment scenario. The latter suggests that conditions are no longer capable of sustaining the high recruitment observed in the early 1970s due to ecosystem shifts either on the foraging or spawning grounds.
We evaluated the somatic condition of bluefin tuna throughout the entire Gulf of Maine over a 30 yr period of high and low herring abundance to determine mechanisms for the observed paradox of low bluefin tuna condition during a period of presumed high foraging profitability (i.e. the 'paradox of the pelagics'). We quantified the energetic returns of bluefin tuna foraging on different size spectra of herring across dif ferent regions of the Northwest Atlantic shelf using an optimal foraging model. A time series of bluefin tuna catch locations was created from logbook data collected from the commercial bluefin tuna fishery to check for shifts in distribution as they related to changes in foraging conditions.
MATERIALS AND METHODS

Condition analysis
Bluefin tuna
This study is based on body length and weight data of bluefin tuna individuals that were commercially harvested between 1980−2009; data were acquired from the National Marine Fisheries Service (NMFS). Each entry included the date landed, length, weight, gear type (i.e. rod and reel, purse seine, longline, harpoon), and catch location (10 statistical areas from the Gulf of Mexico to the Gulf of Maine). We defined our research area to include the historical and current foraging grounds for adult (>185 cm) bluefin tuna. These areas included the Gulf of Maine, Georges Bank and waters north of Montauk, NY (NMFS Statistical Areas 1−6) from 1 June to 31 October (Fig. 1) . All lengths and weights were standardized to current reporting requirements for length (curved fork length, CFL) and weight (round weight, fish intact) using conversion factors accepted by the Standing Committee on Research and Statistics within the ICCAT convention (Parrack & Phares 1979) . Outliers in length-weight relationships (based on quality checks across all fish sizes and gear types) were removed with a standard deviation filter that calculated the mean fish size across all years, stratified by day (from 1 June to 31 October), and removed all values lying > 3 SD from each respective size class mean. To reduce potential bias associated with combining different gear types, only rod and reel fish (general category) were included for further analysis. This gear type accounts for approx. 75% of landings in the region. In this analysis, the lower and upper bounds for lengths of fish were from the current commercial min. size (185 cm CFL) to a cut-off point (305 cm CFL), where sufficient numbers of fish allowed for statistical comparison. The current min. size coincides with a point in development where bluefin tuna transition from a period of rapid growth in length to girth, adding seasonal lipid stores (Mather & Schuck 1960) . Collectively, this filtering reduced our initial database from 127 742 to 70 466 individual length and weight records.
Atlantic herring
The Maine Department of Marine Resources (USA) and the Canadian Department of Fisheries and Oceans have been collecting herring from commercial fishing fleets for over 3 decades to monitor basic biological parameters. Individual entries from these databases for each fish include date sampled, length, weight, age, sex, and gear type. Both the USA and Canadian databases were filtered using the same temporal boundaries as described for bluefin tuna (June through October). In the case of the Maine herring database, spatial boundaries were set according to those outlined in the bluefin tuna section for historic and current bluefin tuna distribution. Only herring sampled from mobile fishing gear (e.g. purse seine, trawl) were used in this analysis since the herring fleet's distribution overlaps with known foraging grounds of bluefin tuna. Fixed gear (e.g. stop seines, weirs) in the Gulf of Maine occur in areas with limited bluefin tuna foraging activity and typically catch herring absent from diet studies of bluefin tuna (<180 mm straight fork length). Herring sampled from mobile gears ranged from 73−395 mm straight fork length and 2−572 g round weight. The original Maine database contained 265 900 individual en tries. We filtered the database removing herring smaller than 180 mm, and outliers in the length-weight relationship following the same protocols used in the bluefin tuna database. This procedure re duced the number of individual herring to 160 899. For the Canadian herring database, we confined our herring samples to regions with historic and current distributions of bluefin catches (Hanke et al. 2013) . Areas used for this analysis included 4W (Scotian Shelf north of Halifax, NS), and 4T (Gulf of St. Lawrence, Prince Edward Island) (Fig. 1) . We ex cluded the Bay of Fundy and southern Nova Scotia (4X) since this area is adjacent to the Gulf of Maine. Outliers in the length-weight relationship were re moved using the same standard deviation methods described for bluefin tuna. After filtering this database there was a total of 289 907 individual herring length and weight records available for analysis. We acknowledge the potential for gear selectivity in these data sets given their origin is from the commer- However, herring mean weight and length declined throughout the time series and did not change as the ratio of landings changed between gear types. Given the sizes of the mesh, no. of fish, and the time and areas sampled, it is assumed that changes in lengths and weights of herring are representative of population level changes and not fleet selectivity. The biological samples collected from the Canadian commercial herring fishery are from purse seine gear only. Seasonal foraging activity in both bluefin tuna and herring lead to seasonal cycles of weight accumulation. Since we were interested in year-to-year changes in condition, we accounted for these cycles using a generalized additive model (GAM) (Hamming 1973 , Hastie & Tibshirani 1990 , Maravelias et al. 2000 . The dependent variable (weight) was modeled as a function of 2 independent variables (length, day of year). This non-parametric regression is less re strictive regarding the distribution of the data and weight can be modeled as the additive sum of nonparametric smooth functions of covariates. In this analysis, the least squares estimate in the regression was replaced with a smoother (s). The general form of the GAM (Hastie & Tibshirani 1990 ) was:
( 1) where E (y) = the expectation of the random variable y (here bluefin or herring weight as a function of time), g() = the link function between the response and additive predictor, β 0 + Σ k S k (X), β 0 = an intercept term, X k = the value of the k th covariate, S k () = smooth functions of the k covariates. Here the de pendent variable (bluefin or herring weight) is modeled as a function of day of year and individual fish length. After fitting the model to each of the 2 data sets, a mean weight was calculated for a given length by day of year across years. To calculate the anomalies we subtracted the observed weight of each fish from the expected weight in the length-weight relationship and standardized by dividing this value by the expected weight. That is, the anomaly value for a given year is the mean of [W(y) -E(y)] /E(y) for all weight measurements W(y) and expected weights E(y) across all size classes of fish and all days within that year (see Fig. 2A ). We applied the same calculation for annual herring weight anomalies (see Fig. 2B ).
Foraging model
A payoff-maximizing prey model was used to compute the average relative energetic payoff rate for a tuna-like predator foraging on a given diet of herring. Implicit in the use of this model is the assumption that herring, as a prey resource, is not scarce. This assumption breaks down for very low prey abundances; however, herring abundance was relatively high in the Gulf of Maine throughout the time series. We followed the methodology and notation of the 'Prey Model' (Stephens & Krebs 1986, §2 .2) for the foraging model described below. Following that formulation, the payoff rate for a given diet is: (2) where n is the number of prey types in the diet, i indexes prey type (in this case, prey size), h i is the expected handling time per prey item, e˜i is the net energy gain per prey item, λ i is the encounter rate, s is the energetic search cost per unit time (so that sh i is the energetic search cost per prey item), and p i is the probability that an item of type i will be attacked upon encounter. Stephens & Krebs (1986) demonstrate that under the payoff-maximizing assumption, p i is either 0 or 1.
Encounter rate is defined as: (3) where N i is the number of individuals of size i (weight, g), N T is the total number of individuals, and λ T is the encounter rate for all prey. Energy was obtained from mass using a constant energy density conversion, k; that is, e˜i = km i . Prey type was binned
by the mass of the prey in increments of 10 g. We assume a single handling time h across size classes, and we assume that variability in caloric content of herring of a particular weight is small (Lane et al. 2011 ) and thus, that the payoff of eating a particular prey is proportional to its mass. One of the results derived from this model by Stephens & Krebs (1986) is that the predator's diet will be defined by a threshold prey size x, where the predator eats any prey larger than x when encountered and ignores fish smaller than x. Using this result, and the substitutions in Eqs. (2) & (3), the payoff for a diet x is then: (4) whereby the optimal diet in this case is given by the value x* for which P(x) is maximal. The optimal diet and resulting payoff were found by testing all values of x, using the full range of prey sizes represented in the data. Parameter estimates were identified using a combination of first-hand observations and literature values. The basic assumption is that food is not limiting, and by implication, that foraging decisions are those made while in the presence of prey, rather than decisions regarding when, where, and how long to search for schools of prey. Presumably, the latter would take on a more substantial role as food be comes scarce; however, current prey levels are extremely high in the Gulf of Maine. Correlation analysis was conducted between the time series for bluefin tuna weight anomalies and herring weight anomalies, herring SSB, minimal herring mass (g) and herring profitability.
Parameter estimation and sensitivity
There are 3 parameters to estimate: s (search cost), h (handling time), and λ T (encounter rate). The results presented below used best estimates for these parameters; however, due both to lack of information and to the complexity of the feeding process, there is large uncertainty around these estimates. Therefore, upper and lower bounds were also estimated for each parameter, representing extreme cases, to test the sensitivity of our results to the estimated parameterization. These estimates considered tuna actively foraging within schools of herring (as opposed to searching for schools or prey patches), with an assumed constant energy density (Lawson et al. 1998) for the prey of k = 9.4 kJ g −1 .
Search cost was computed as the metabolic expenditure during foraging, estimated from values repor ted in the literature for other tuna species. Routine metabolic rates of southern bluefin tuna range from a baseline of around 350 mg O 2 kg −1 h −1 to upwards of 1200 mg O 2 kg −1 h −1 in extreme cases during feeding events (Fitzgibbon et al. 2008) . For a 200 kg tuna, this ranges from 70 000−240 000 mg O 2 h −1 . Using the conversion factor (Olson 1982 Deck-based observations of bluefin tuna feeding suggest very rapid consumption of fish. Bluefin tuna are ram feeders, using burst swimming to force prey into their mouth. A lower bound on handling time is therefore on the order of a few seconds. Handling time should also consider gut content limitations, however, as a bluefin tuna consuming a 100 g herring every 5 s could double its own mass in just a few hours. A handling time of 10 s is therefore a reasonable estimate for a lower bound. An upper bound on handling time can be estimated from ingestion rates (I, kJ mo , gives an upper bound for handling time of around 20 min, an unrealistically high estimate. Bluefin tuna spend an estimated 30−45% of their time in the Gulf of Maine feeding in prey patches (Gutenkunst et al. 2007) . Accounting for this factor puts an upper bound for handling time at 400−600 s, still representing a conservatively high estimate. Bounds for handling time are therefore 10−600 s, with h = 30 s as the intermediate estimate.
It is difficult to estimate the rate at which an actively feeding bluefin tuna makes a foraging decision. Therefore a range spanning 3 orders of magnitude was used, from λ T = 0.01 herring s −1 to 1 herring s ) and the mass of the smallest fish in an optimally foraging bluefin tuna's diet (x*). To test sensitivity of the results on parameter choice, correlation coefficients were computed between profitability and bluefin tuna weight anomalies, testing the full parameter space (bounded by upper and lower bounds for each parameter and subdivided by hundredths). Correlations were highly statistically signifi-
cant (p < 0.001) throughout the parameter space, with r 2 values ranging from 0.60 to 0.65, suggesting that the main results are not sensitive to parameter choice.
RESULTS
From 1980−2009, the body condition of bluefin tuna declined. Body condition of bluefin tuna dropped rapidly, was at intermediate levels during the majority of the 1980s, and then declined further in the early 1990s (Fig. 2A) .
The decline in bluefin tuna weight anomalies in the early 1990s tracked a decline in herring weight ano malies (Fig. 2B) . Although, the correlation between the bluefin tuna and herring weight anomaly series is significant (r 2 = 0.33, p < 0.01), the relationship weakens during the last half of the time series due to an increase in herring condition that was not matched by an increase in bluefin tuna condition. The lack of correlation in the second half of the time series and the dominance of younger (< 4 yr old) but better conditioned herring suggest a synergistic interaction between bluefin tuna condition and herring size. To test this hypothesis, we developed a time series of mean herring weight (g) for the Gulf of Maine. This time series exhibits a strong and consistent relationship with bluefin tuna weight anomalies (r 2 = 0.61, p < 0.01, Fig. 2C ). The association between declining bluefin tuna weight anomalies and mean herring weight seems obvious, however, the question still remains as to why a 500% increase in herring abundance was insufficient to make up for the decline in mean herring weight.
We interpret the correlation between bluefin tuna weight anomalies and mean herring weight as evidence of an optimal foraging strategy occurring in sub-optimal conditions. Optimal foraging theory predicts that predators should always consume the most profitable prey items encountered (Stephens & Krebs 1986) ; for bluefin tuna, this is the largest size class of herring. To test this assumption, we While mean herring weight in the Gulf of Maine declined by 55% between 1981 and 2010 (Fig. 3A) , a herring weight index for the adjacent Scotian Shelf and Gulf of St. Lawrence, and optimal foraging model time series were relatively steady and remained elevated above the Gulf of Maine index throughout the record (Fig. 3) . The time series of herring weight indicated that larger herring were still available on the Canadian Scotian Shelf and Gulf of St. Lawrence, even as their abundance declined in the Gulf of Maine. The steady decrease in herring mean weight in the Gulf of Maine correlates with the shift in the distribution of adult bluefin tuna schools, which moved progressively eastward (Fig. 3B ). There was a significant relationship between the difference in herring weight from the Gulf of Maine and Canadian waters (Scotian shelf and Gulf of St. Lawrence) and the timing of the eastward movement of bluefin tuna catch locations (r 2 = 0.40, p < 0.01, Fig. 3B ).
DISCUSSION
The results from this study support the observations of Golet et al. (2007) that the condition of blue fin tuna in the Gulf of Maine has declined. In the present study, however, bluefin tuna condition was evaluated over a much longer time period and throughout the entire Gulf of Maine whereas Golet et al. (2007) only tracked condition of bluefin tuna from a single spatially restricted area. The Gulf of Maine is an important foraging ground for bluefin tuna (Mather et al. 1995) where these fish spend up to 6 mo consuming high energy prey such as herring (Chase 2002) . Following depletion during the 1970s, herring stocks in the Gulf of Maine rebounded to historically high levels of abundance around 1990 as stocks on the offshore banks were rebuilt (Overholtz & Friedland 2002 , Melvin & Stephensen 2007 . The decline of bluefin tuna condition during a period of such high prey abundance is contrary to expectations, particularly since foraging models suggest the proportion of herring in the bluefin diet has increased (Overholtz 2006) across the time series presented in this paper. Conditions on the foraging grounds during the 1990s and 2000s for western bluefin tuna appear favorable given the high abundance of their main prey, herring (Chase 2002) and should have resulted in bluefin tuna with higher than average weight anomalies. This scenario (i.e. high prey abundance increased predator success) is typical for many species (Marshall et al. 1999 (Marshall et al. , Öster blom et al. 2008 ); yet in this study, bluefin tuna body condition is inversely correlated with prey abundance. We hypothesize that the decline in blue fin tuna condition in the Gulf of Maine is a consequence of a foraging strategy that depends on larger, more energetically profitable prey, in this case herring.
We used several approaches to evaluate this hypothesis. First, we developed a time series of herring weight anomalies which was significantly correlated with changes in the condition of bluefin tuna. Despite the significance of this relationship, however, the correlation became weaker in the 1990s which we attribute to the increase in shorter, but better condition herring (< 3 yr old). We tested this hypo thesis by constructing a time series of mean herring weights and correlated these with bluefin tuna weight anomalies. The correlation between mean herring weights and bluefin weight anomalies was much stronger and suggests that bluefin require a broad size spectrum of Atlantic herring in order for their foraging to be profitable. Still, the question remains why a 500% increase in herring abundance would not substitute for the loss of larger individuals in the herring population. We attribute this to a foraging strategy that relies on optimizing energy intake by consuming the largest prey in the population. We tested this by developing a foraging model that predicts the energetic outcomes of bluefin foraging within herring schools composed of different sizes of herring. The subsequent time series (energy/ time) was highly correlated with the changes in bluefin tuna weight anomalies, supporting our hypothesis that the most successful foraging environments for bluefin tuna are those with the largest prey.
Despite numerous examples of predator success in environments with high prey abundance, there is growing evidence that predators, particularly ones with higher metabolic rates, use different strategies to maximize energy intake (Spitz et al. 2012) . This is in line with recent studies which identify benefits to growth and reproduction for species with foraging strategies that select a prey base with high energetic value and/or a broad size distribution , Sherwood et al. 2002 , Spitz et al. 2012 , Giacomini et al. 2013 , as opposed to one which relies entirely on abundance. Tunas, particularly bluefin, have elevated metabolic rates relative to other teleosts (Brill 1996) , making them closer (in metabolic demand) to marine mammals and seabirds in that they require high rates of energy intake to satisfy their basal metabolic rates, large migratory (Block et al. 2005 , Wilson et al. 2005 , Galuardi et al. 2010 ) and reproductive capacities (Medina et al. 2002 , Knapp et al. 2014 . Given these demands, it is not surprising that bluefin tuna consume a disproportionate amount of herring, which have high lipid content and energetic values relative to other abundant prey re sources on the Northwest Atlantic shelf (Lawson et al. 1998 ). This may be why, despite a decrease in Atlantic herring size distribution, substantial chan ges in herring abundance and the availability of alternative prey resources (sandlance, bluefish, mackerel), bluefin tuna diet has been stable over time (Chase 2002 , Pleizier et al. 2012 , Logan et al. 2014 .
Results from our foraging model are in line with a number of other studies which show that foraging strategies, particularly in pelagic environments, are sensitive to the size of prey. Giacomini et al. (2013) identified foraging costs as the mechanism for differences in prey profitability whereas our model suggests handling time is the limiting factor given it does not scale with prey size. In other words, given that bluefin tuna are ram feeders, the time to process a large or small herring is the same, but the energetic payoff between the two is quite different (Lane et al. 2011 ). Both our model and Giacomini et al. (2013) demonstrate that particulate feeders in pelagic environments need to target larger prey. Despite mechanistic differences, both studies emphasize the advantages of consuming fewer larger prey vs. the more abundant, smaller ones. Likewise, in the case of bluefin tuna in this study, animals with similarly high metabolic demands and high energy content diets (e.g. sea birds and sea lions) have had trouble adjusting to changes in prey quality (Diamond & Devlin 2003 , Rosen & Trites 2004 .
There are several alternative explanations for changes in the condition of bluefin tuna. Consumption of other less energetic prey species could reduce energetic payoffs and results in lower somatic condition. Chase (2002) identified sandlance as an important prey item in stomachs collected from bluefin tuna in the Gulf of Maine and showed that bluefin tuna feed on bluefish, cephalopods and mackerel. However, sandlance were found in 2 primary locations, whereas herring were observed in all stomachs across the region; and cephalopods, mackerel and blue fish had minor contributions across all areas. Similarly, Logan et al. (2014) , using stomach content analysis and stable isotopes from bluefin tuna collected between 2004−2008, suggest herring is still the most important dietary item for bluefin tuna in the Gulf of Maine. Pleizier et al. (2012) identified herring as the dominant prey item in the stomachs of bluefin tuna in the Gulf of St. Lawrence and Nova Scotia. Herring accounted for > 50% wet wt of each stomach with the next highest contribution (10%) coming from mackerel. The percentage of herring in the diet appears rather consistent both between re gions and across decades, supporting the idea that bluefin tuna require high quality prey to satisfy their energetic needs despite being considered a generalist predator.
Given the consistency of herring in the bluefin diet and the increase in consumption over the past 2 decades (Overholtz 2006) , it is likely that changes in the quality of herring are contributing to the observed de clines in bluefin tuna condition. The continued decline in mean weight and length of herring suggest changes in their growth patterns which may come from top-down or bottom-up processes. The lack of older and/or heavier herring could be a result of fishing selectivity, removing older age classes; however, assessments indicate that fishing mortality for Atlan tic herring is low (TRAC 2009). Observed changes in body condition of herring has been linked to density dependence (Melvin & Stephensen 2007) , but substantial bottom-up changes have also occurred in the Gulf of Maine, which may have affected herring growth (Greene et al. 2013 ) by altering foraging conditions for herring. Thus, the paradox of low bluefin tuna body condition and high herring abundance results from an interaction between the bluefin tuna foraging strategy and a shift in the herring size spectrum towards smaller fish; the exact mechanism for this remains unclear.
However, our results suggest bluefin tuna are responding to changes in foraging conditions in the Gulf of Maine. Supporting this hypothesis is the high catch per unit effort in Nova Scotia and the Gulf of St. Lawrence (Hanke & Neilson 2011 ) and our analysis which shows the mean position of bluefin tuna catches in the Gulf of Maine shifting eastward out of the Gulf of Maine and across the USA−Canadian boundary (Fig. 3B) (Golet et al. 2013) . We hypothesize that as mean weight of Atlantic herring declined, foraging profitability declined and fewer bluefin tuna have remained in the Gulf of Maine, analogous to the 'win-stay, lose-shift' hypothesis (Randall & Zentall 1997) . As a consequence of lower foraging quality, more individuals are likely to have joined other contingents and sought additional regions for larger and presumably more profitable prey, in this case larger herring. Our time series of herring profitability on the Scotian Shelf and Gulf of St. Lawrence illustrates that foraging conditions were much better there than in the Gulf of Maine. Our time series of bluefin tuna school locations correlated with the difference in foraging profitability suggesting bluefin tuna were responding to lower foraging conditions and moving to these high profitable foraging areas. Electronic tagging data also suggests that bluefin tuna tagged in regions of high herring profitability (Scotian Shelf and Gulf of St. Lawrence) returned annually to those areas (Galuardi et al. 2010) and their migrations largely avoided the Gulf of Maine during times when herring mean weight (profitability) was low. Furthermore, the development of a commercial winter (December/ January) bluefin fishery off the coast of North Carolina in the mid 1990s may have been a result of declining foraging conditions in the Gulf of Maine. In this region, bluefin tuna foraged on an other high-lipid and -energy prey, Atlantic menhaden Brevoortia tyran nus (Butler et al. 2010) , and there appears to be migratory connectivity between blue fin tuna from the Gulf of Maine to the North Carolina region (Wilson et al. 2005) . Reduced foraging opportunities in the Gulf of Maine may have led to the emergence of the winter bluefin tuna fishery off the Carolinas and the retention of these fish as they sought additional foraging locations to increase lipid stores.
A reduction in lipid stores can have profound ef fects on fish life history, but identifying exactly what will happen and what aspects of life history will be affected is complicated. Faced with reduced ener gy, spawning age fish can reduce growth and re allocate more reserves to gonadal investment (Kjes bu et al. 1991) . Such a strategy can maintain fe cun dity in times of reduced condition, but may also contribute to higher rates of post-spawning mortality (Lambert & Dutil 2000) . Alternatively, fish may skip spawning in times of reduced condition (Rideout et al. 2005) or change reproductive output (fewer eggs, lower quality) for females (Lambert & Dutil 2000) . Given the effect of total lipid content on egg production (Marshall et al. 1999) , the influence of prey quality on predator life history parameters (Rosen & Trites 2004 , Jør-gensen et al. 2006 and the relationship between bluefin tuna weight and fecundity (Medina et al. 2002 , Knapp et al. 2014 ), a reduction in bluefin tuna condition on the foraging grounds could have affec ted reproductive output, and appears to have chan ged historical distributions. Although we did not di rectly estimate potential losses in reproductive out put, given a fecundity of 28 eggs g −1 (Knapp et al. 2014 ) declines in the amount of lipids on the foraging grounds is likely to affect reproduction, particularly since wellconditioned fish have a higher weight-specific reproductive rate (Scott et al. 2006) . Changes in lipid content also affect the sale price of bluefin tu na, with fat content having a large influence on selling price (Bestor 2004) . Fat content is also one of the most im portant variables determining whether or not a bluefin tuna stays on the domestic market or is ship ped to Japan (where returns are typically high er). Markets, particularly those for highly migratory species are complicated; fuel, exchange rates, supply and demand among other things all contribute to the selling price of a fish. However, given the large in fluence fat content has on the overall quality of the fish and to which market it will be shipped, the loss in lipids for bluefin tuna in the Gulf of Maine is likely to have reduced ex-vessel prices. In summary, changes in the ability of bluefin tuna to accumulate lipids on their foraging grounds can have far reaching consequences.
According to recent assessments, spawning stock biomass of western Atlantic bluefin tuna has not recovered to early 1970s levels despite the implementation of a rebuilding plan in 1998. In addition, total allowable catches have been in line with scientific advice for over 2 decades. If fishing mortality were the sole factor limiting population recovery, levels of fishing mortality set by management should have allowed this stock to rebuild much faster than currently observed, even for a species with long generation times like bluefin tuna. A slow recovery may be related to fishing mortality set too high, despite the scientific advice, or could be the results of environmental factors affecting life history (growth, reproduction, migration) or synergistic effects between the two. At this time, it is difficult to say whether or not changes in foraging conditions in the Gulf of Maine have led to population level effects.
Our results have direct implications for the management of herring and other small pelagic fish which serve as energy conduits in many temperate systems. Approximately one third of marine fish landings are small pelagic species (Alder et al. 2008) . Their high energy density, abundance, and schooling behavior make them attractive to commercial fisheries, and critical food resources for top predators including larger fish, seabirds, and whales (Weinrich et al. 1997 , Pikitch et al. 2012 . Ecosystembased fisheries management requires managers and scientists to quantify trade-offs between managed populations by adopting co-management strategies. Standard predator-prey relationships imply that reducing fishing pressure on mid-trophic level species should be beneficial for higher trophic levels. In fact, a major recommendation from a recent small pelagics review (Pikitch et al. 2012 (Pikitch et al. , 2014 suggested catch levels for small pelagics should be reduced by 50% in some regions to increase abundance and account for the high volatility of these populations. The decline in bluefin tuna condition, despite high prey biomass in the Gulf of Maine, suggests that managing for high abundance at middle trophic levels does not guarantee the success of all top predators. In fact, it suggests that for some upper level predators, the quality of the prey may be more important than the overall abundance.
Although the interactions are complex, fisheries management can directly influence the size structure of managed stocks, primarily through minimum size requirements typically based on age or size of maturation. The traditional management paradigm of size selective harvesting is coming under increased pressure (Zhou et al. 2010 , Garcia et al. 2012 as fisheries managers and scientists look for viable alternatives to shift from single to multi-species management. A growing number of empirical (Jul-Larsen 2003) and theoretical (Law et al. 2012 , Jacobsen et al. 2014 ) studies indicate that unselective balanced harvesting may be a more desirable strategy which can retain a larger proportion of older individuals in the population while still maintaining high yields. The negative correlation between herring abundance and bluefin tuna weight suggest such a balanced, unselective harvesting strategy may be beneficial for predators such as bluefin tuna which pursue and consume one prey item at a time and require high energy intake. In this paper, we do not attempt to explain the mechanisms leading to changes in size structure of herring in the Gulf of Maine. Studies on components of this assemblage on George's Bank suggest the shift to a smaller herring community (as indicated in the negative relationship between herring size and abundance) is a direct re sult of density dependent growth (Melvin & Stephen sen 2007) . Increased fishing pressure can reduce density dependence and potentially lead to more positive weight anomalies for these small pelagics. However, intense fishing also reduces the abundance of older, larger fish, and management strategies that produce a high abundance of faster growing but smaller individuals would shift the size spectrum towards smaller fish. By altering the size spectrum and the abundance of the prey species, different management options would favor one predator type over another. For example, humpback whales that feed on schools of herring rather than individual fish should be more sensitive to total herring biomass. There is evidence that the Gulf of Maine became a more important foraging ground for humpback whales following the increase in herring abundance during the 1990s (Weinrich et al. 1997) . Our work suggests that indicators of size structure and body condition should be considered when managing prey species to ensure higher predator fitness. The challenge will be implementing such a strategy within the context of current assessments and management models and determining the relative importance of prey abundance and size for a range of predators with different foraging strategies and metabolic needs. 
